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IMAGE DEBLURRING USING A
MULTI-LAYER LSTM NETWORK

BACKGROUND OF THE INVENTION
Field of the Invention

The present invention relates to the development of a
compact neural network for the blind deconvolution and
restoration of a blurred image.

Description of the Background

Blind image restoration methods aim to recover a ‘sharp’
image from a degraded or blurred image where the degra-
dation process is unknown, and statistical information about
the original image is unavailable. The degraded image is, in
fact obtained from a nonlinear and shift-variant process, but
most techniques that solve this problem assume that the
degradation occurs via linear convolution with a shift-
invariant point spread function (PSF). By solving this prob-
lem, one can improve the overall image quality without
knowing the exact image acquisition mechanism or sensor
calibration technique.

Traditional techniques for blind deconvolution approach
the problem in two different ways. The first approach aims
to identify the PSF, which has produced the blurred image,
and then a standard image restoration method is can be used
to deblur that image. The second approach simultaneously
addresses both identification of the PSF while estimating the
true image. This tends to lead to more complex algorithms
with higher computational requirements [1].

Computer memory and computational power advance-
ments in recent years have increased the availability and
prevalence of neural network-based solutions to solve prob-
lems in computer vision. Neural networks can be trained for
the end-to-end process of deblurring an image. Nah et. al [2]
developed a multi-scale method for deblurring an image
using a convolutional neural network (CNN). In this net-
work, the image is processed at three different scales from
coarse to fine, in a sequential manner. Each scale of the
image is passed as the input to an identical network struc-
ture. The result at a coarse scale of the network goes through
an up-convolution process and is concatenated with the next
finer scale of the image. This new feature tensor is then used
as input at the next level of the network. Note that up-
convolution is a method of upsampling using a convolu-
tional kernel. Concepts from [2] are applied by Tao et al. [3]
to create a network that shares information between scales
using a recurrent neural network (RNN), while bilinear
interpolation is used to transition between scales. The same
set of network parameters is used at each scale, so this
reduces the number of parameters when compared to [2].

Another type of multi-scale approach is taken by Shi et.
al. in [4] where the convolution kernel is dilated to mimic
scaling of the image, instead of modifying the image to
obtain different scales.

Neural network approaches often require GPU hardware
acceleration due to the large number of computations
required for training and speed. The number of parameters
in modern image processing networks can be on the order of
millions, which can limit its use to devices with high
computational power and large memory.

Multi-Scale Image Context

One successful approach to image deblurring that has
been used in recent work ([2], [3], [4]) is to use image
information at multiple scales of the input image. In [2] and
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[3], an input image is first down-sampled twice by a factor
of two to obtain two smaller scales of the image (one half
and a quarter size of the original image). In [2], the deblur-
ring result at the coarser scale goes through a trained
up-convolution process before being concatenated to the
input image of the next finer scale. In [3], the deblurring
result at the coarser scale is upsampled using bilinear
interpolation before being concatenated to the input image at
the next finer scale. In [4] and [5], a dilated convolution
method is used, which saves the additional work of having
to resize the image multiple times. A dilated convolution is
a linear process where convolution is performed using an
I-dilated filter, shown in FIG. 1 to produce a coarser scaled
image for 1>1.

A dilated filter has the coefficients of the kernel spread
apart by a distance determined by the dilation factor, 1. In an
I-dilated convolution, a dilated filter is not constructed but
each kernel coefficient is applied with a separation of 1
points between each coefficient. This means that the number
of coefficients in the kernel is not increased and the coeffi-
cients are applied with a spatial separation. This is achieved
by using the discrete 2D convolution operation between an
image F(t,s) and the kernel k(t,s) as described in (1).

(FHR)[1,5] =Ly —cs "L oo F[1=T,5—0]k[T,8] (1)

A dilated convolution can then be written with a dilated
convolution operator *; as in (2).

(FHR[5]= 55 oS o Fl=IT,5~IS]K[T, 3] 10))

Context Sharing Between Scales

Multi-scale image deblurring methods use information
learned at coarse scales to add context to an image at finer
scales. To accomplish this, [2] and [4] share scale context
through a convolutional layer. In [2], this is done by con-
catenating the result from a coarser scale to the input image
of the next finer scale. In [4], this is done by concatenating
the results from the full multi-scale process. Both
approaches then apply a trainable single-layer convolution
to share contextual information between scales.

The method implemented in [2] shares coarse-to-fine
information once from each coarse scale to the next finer
scale, sharing context information two times in total (i.e.,
from scale 3 to 2, and from scale 2 to 1, original size). FIG.
2 outlines the method implemented by Shi et. al. [4], which
shares information at each convolutional layer within an
inception style module/block. The modified inception block
of [4] uses dilated convolutions for the simultaneous pro-
cessing steps of the inception block shown in FIG. 2.

Tao et al. [3] use an approach similar to that of [2], by
concatenating the result from the coarse deblurring to the
next finer-scale input. Additional sharing of contextual infor-
mation between scales is introduced in the form of a
recurrent connection. The overall architecture used has an
hourglass shape (autoencoder style network) and the recur-
rent connections are included in the center layer of the
autoencoder. The recurrent connection used in [3] is a
convolutional long-short term memory (LSTM) cell, as
developed in [6]. In an LSTM cell, the flow of information
(i.e., what is saved and passed along) is controlled by a series
of gates (convolutional layers and activation functions).

SUMMARY OF THE INVENTION

In this paper, we have created a neural network with a low
number of parameters, that is capable of deblurring an image
with no prior information given. In our proposed method, we
will employ a dilated convolution approach to obtain infor-



US 12,475,532 B2

3

mation at different scales as it does not involve any upsam-
pling or downsampling steps. Our aim is to design a compact
neural network (with a low number of parameters) that is
capable of deblurring an image for which no prior statistical
or blurring information is available. Our proposed network
will employ a convolutional LSTM cell to share information
between layers within an inception style block. With the
implementation of the LSTM-Inception block, we created a
network that used 96% fewer trainable parameters than that
of the SRN-DeblurNet [3] network, while achieving similar
deblurring performance. This network was able to deblur
images at a comparable level to other image deblurring
methods [2], [3] with lower computational efficiency.

Accordingly, there is provided according to the invention
a computer-implemented method for deblurring an image,
comprising, in a neural network:

a. using a processor to pass an input image file through at
least three dilated image filters in parallel to produce an
output file for each at least three dilated image filters,
each of said at least three dilated image filters having a
different resolution from most coarse resolution to most
fine resolution, and including one or more intermediate
resolutions;

b. using said processor to supply a most coarse resolution
output file from said at least three dilated image filters
as a first input to an LSTM cell, followed by supplying
an intermediate resolution output file from said at least
three dilated image filters as a second input to the
LSTM cell, followed by supplying a most fine resolu-
tion output file from said at least three dilated image
filters as a third input to the LSTM cell;

c¢. adding an output of the LSTM cell to said input image
file via a residual connection to produce an LSTM
inception block output file;

d. using said LSTM inception block output file as a new
input image file and repeating steps a. through c. at least
three times.

There is further provided according to the invention a
computer-implemented method for deblurring an image,
wherein no additional information concerning the image is
provided to said processor.

There is further provided according to the invention a
computer implemented method for deblurring an image
wherein steps a. through c. are repeated four to ten times.

There is further provided according to the invention a
computer implemented method for deblurring an image,
wherein steps a. through c. are repeated more than ten times.

There is further provided according to the invention a
computer implemented method for deblurring an image
wherein said input image file is passed through four to ten
dilated image filters in parallel to produce an output file for
each dilated image filter, each said dilated image filters
having a different resolution from most coarse resolution to
most fine resolution, and including one or more intermediate
resolutions; and wherein said processor supplies a most
coarse resolution output file from said dilated image filters
as a first input to an LSTM cell, followed by supplying
intermediate resolution output files from said dilated image
filters in order of more coarse resolution to more coarse
resolution as sequential inputs to the LSTM cell, followed
by supplying a most fine resolution output file from said
dilated image filters as a further input to the LSTM cell.

There is further provided according to the invention a
computer implemented method for deblurring an image
which requires at least 50% fewer trainable parameters than
an SRN-DeblurNet network.
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There is further provided according to the invention a
computer implemented method for deblurring an image
which requires at least 75% fewer trainable parameters than
an SRN-DeblurNet network.

There is further provided according to the invention a
computer implemented method for deblurring an image
which requires at least 85% fewer trainable parameters than
an SRN-DeblurNet network.

There is further provided according to the invention a
computer implemented method for deblurring an image
which requires 96% fewer trainable parameters than an
SRN-DeblurNet network.

There is further provided according to the invention a
computer implemented method for deblurring an image
wherein said neural network is trained using a standard
mean squared error loss (MSE):

1< A N2
MSE = ;Z(X,—X,-)

i=1

where n is a number of pixels in a training image, X is a
target output, and X" is a recovered output from the network,
where a learning rate (or step-size for the weight updates) for
training the network is le™> and an optimization algorithm
used to train the network is adaptive moment estimation
algorithm (Adam).

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing summary, as well as the following detailed
description of the preferred invention, will be better under-
stood when read in conjunction with the appended drawings.
For the purpose of illustrating the invention, there are shown
in the drawings embodiments which are presently preferred.
It should be understood, however, that the invention is not
limited to the precise arrangements and instrumentalities
shown. In the drawings:

FIG. 1A shows a 1-dilated convolution kernel.

FIG. 1B shows a 2-dilated convolution kernel.

FIG. 1C shows a 3-dilated convolution kernel.

FIG. 2 shows a scale inception block.

FIG. 3A shows a proposed Network Structure for an
LSTM-inception block.

FIG. 3B shows a proposed network structure for stacked
LSTM-inception blocks.

FIG. 4A shows a pristine checkerboard image.

FIG. 4B shows a blurred checkerboard image.

FIG. 5 shows a network configuration training loss com-
parison.

FIG. 6A shows training loss with a custom 2-kernel
dataset.

FIG. 6B shows training loss with a custom 6-kernel
dataset.

FIG. 7 shows deblurring results of Tao et al. and the
present method.

DETAILED DESCRIPTION OF THE
INVENTION

We propose an LSTM inception block structure that
makes use of several of the previously discussed features, as
well as residual skip connections, which are detailed in [7].
The inception block diagram is shown in FIG. 3(a).

The proposed inception block structure is composed of a
self-contained, scale-recurrent system with a residual con-
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nection that adds the input of the block to the output of the
recurrent cells. In our experiments, the 2D dilated convolu-
tion and LSTM gate convolutions all use a 5x5 kernel. The
input to each block is convolved with the 3-dilated filters,
2-dilated filters, and 1-dilated filters (producing progres-
sively coarse to fine images). Thus, the dilated convolutional
filters have an effective kernel size of 13x13, 9%9, and 5%5
respectively, while only using 25 weights each (not includ-
ing bias). The results are then supplied as inputs to the
LSTM cell in order of coarse-to-fine (3-dilated, 2-dilated,
then 1-dilated). The output of the LSTM cells is then added
to the input of the inception block via a residual connection,
before being passed to the next layer of the network. The
residual connection allows information to be directly con-
veyed from the input to the output of the inception block and
does not prevent end-to-end training of a network using
backpropagation.

The LSTM-Inception blocks of FIG. 3(a) can be stacked
to form a network that can be trained to deblur images. Since
the blocks are identical, the number of hidden layers in the
network can be varied as indicated in FIG. 3(b). The loss
function used to train the network is the standard mean
squared error loss (MSE) given in (3), although any loss
function may be used to train the network:

3)

where n is the number of pixels in the image, X is the
target output, and X" is the recovered output from the
deblurring network. The chosen learning rate (or step-size
for the weight updates) for training this network is 1e™. The
optimization algorithm chosen to train the network is the
well-known adaptive moment estimation algorithm (Adam),
as this has been shown to be successful in other deblurring
and CNN architectures. Adam optimization was designed to
be an efficient optimization algorithm for large datasets, with
high dimensional-parameter spaces. The algorithm uses
exponential moving averages of the gradient and squared
gradient of the loss function with respect to weights of the
network. Hyper-parameters (3, and (3, control the rate of
exponential decay and € is a small number used to prevent
division by zero. We use the recommended parameters from
[8], i.e. B,=0.9, B,=0.999, and e=10"%.
Network Architecture

We first set out to determine an optimal structure for a
network composed of the proposed LSTM-Inception blocks.
The goals of this process are (i) to determine the number of
stacked LSTM-Inception blocks to use in this network and
(ii) to determine whether a global skip connection should be
included. Four different network configurations are evalu-
ated in this work. These consist of two 3-layer stacked
LSTM-Inception blocks and two 6-layer stacked LSTM-
Inception blocks, each with or without a global skip con-
nection. We trained each network to deblur the checkerboard
image shown in FIG. 4(b); i.e., a single test image. This
blurred checkerboard image was created as test data from
the pristine image of FIG. 4(a), by using the square Gaussian
kernel, k(t,s) given in (4) below with 0,=0,=5.

. (s —50)% 4)
202

1 (t -t
k, )= -l ==
&S 2707 exp[ [ 20’,2
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Each network was initialized using Xavier initialization
[9] and trained for 15,000 iterations. Xavier initialization
randomly sets the starting network weights in the range
[-1,1] and then scales them by (1/m), where m is the number
of weights in the filter. The loss function used was MSE, and
the Adam optimizer [8] was used to determine the parameter
updates. After training, each network was evaluated using
the following three loss metrics: MSE, peak signal-to-noise
ratio (PSNR), and structural similarity (SSIM).

FIG. 5 shows the progression of the MSE loss function for
each of the four network configurations over 15,000 itera-
tions of the training, starting with the blurred image of FIG.
4(b). Table 1 shows the final values of the three metrics,
which were used to evaluate the deblurring performance of
these four network configurations. From Table 1, it is
observed that the best performing network after training was
the 6-layer LSTM-Inception block network w/global skip
connection as it produced the lowest MSE, highest PSNR,
and highest SSIM. Also, we note from FIG. 5, that the loss
is lowest at the end of the training for the 6-layer LSTM-
Inception block network with a global skip connection.

TABLE 1
Evaluation of network configurations.

3-layer 6-layer

LSTM- LSTM-
3-layer Inception  6-layer  Inception

Blurry LSTM- blocks LSTM- blocks

T- Input Inception w/global  Inception  w/global

Image blocks skip blocks skip

MSE: 0.0375 0.0245 0.0288 0.0261 0.0239
PSNR: 14.2581 16.1050 15.4044  15.8265 16.2160
SSIM: 0.9958 0.9975 0.9969 0.9972 0.9976

Network Training

To further evaluate the capabilities of the network, train-
ing and testing was done using more complex natural
images.

Two test datasets were created from the pristine images of
the GOPRO dataset [2]. (A) For the first dataset blurry
images were created using two different blur kernels, the
29%29 symmetric Gaussian blur kernel with 0,=0,=5 as in
given (4), and a 30x30 bi-directional blur kernel. (B) Blurry
images for the second dataset were created from the GOPRO
dataset using six blur kernels (of average size of 30%30),
which had been obtained and approximated from the Kohler
dataset [10]. For each of these test datasets, the blur kernels
were applied evenly over the 2103 sharp training images and
1111 sharp test images of the GOPRO dataset [2].

For training with each dataset, the network parameters
were initialized using Xavier initialization [9], the param-
eters were optimized using Adam [8], and the learning rate
was set to le™>. The input images were scaled by one half,
to a size of 360x640, and randomly selected in minibatches
of five (i.e., 5 images per each pass through the network).
Gradient accumulation was done after every second iteration
to reduce the effects of a small minibatch size. In both cases,
the network was able to improve the image quality and
therefore deblur the input image. Plots of the training loss
are shown in FIG. 6. We observe that the chosen network
configuration is able to improve the blurry image and
recover an image that appears to be close to the pristine
image.

Network Evaluations and Comparisons

To compare the performance of our proposed 6-layer

LSTM-Inception blocks w/global skip network against oth-
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ers that perform blind image deblurring using neural net-
works, we trained our network using the unaltered GOPRO
dataset [2] (2103 blurry and sharp image pairs). The dataset
uses captured frames from recorded real-world scenes to
create images that simulate natural blur. This is the same
dataset used for training in both [2] and [3]. We trained our
network as described above using Xavier initialization [9],
Adam optimization [8], learning rate of le 3, randomly
selecting 5 images scaled to half size (360%640) for a
minibatch and using a 2-iteration gradient accumulation.

TABLE 2
GOPRO dataset [2] performance comparison
Tao et al.
Chen et al. Nah et (SRN-
GOPRO (InceptionResDensenet) al. DeblurNet)  Proposed
Dataset[2] [11] [2] [3] network
PSNR: 27.79 29.08 30.26 28.54
SSIM: 0.8472 0.9135 0.9342 0.9090
TABLE 3

Kohler dataset [10] performance comparison

Tao et al. (SRN-

Kohler Dataset Nah et al. DeblurNet)

[10] [2] [3] Proposed network

PSNR: 26.48 26.75 25.20

Mean SSIM: 0.8079 0.8370 0.7897
TABLE 4

Network parameter counts.

Tao et al. (SRN-

Number of Trainable DeblurNet)
Parameters 3] Proposed network
8,056,609 336,690

Our optimization method and parameters are identical to
that of [3] except that we use a lower learning rate through-
out the entire training process, while in [3] the learning rate
is reduced from le™ to le™® after 2000 epochs. We also
trained with the images scaled to half-size while [2] and [3]
trained using 256X%256 image patches. As in [3] we used
MSE as our loss function, while in [2] a combination of
MSE and generative adversarial loss was used. The authors
of [2] introduce random geometric transformations, random
color permutations, and randomly added Gaussian noise to
the blurry images during training. This was not done in [3]
and this was not included in our training either. We trained
for 1,120 epochs and then evaluated the status of the
deblurring capabilities of the network. Table 2 shows results
from testing networks from [2], [3], [11] and our proposed
network with the GOPRO test dataset [2]. Table 3 shows
results of testing networks from [2], [3] and our proposed
network with the 48 blurry images of the Kohler dataset
[10]. We note that our proposed network is able to deblur the
images in both test datasets comparably to Nah et al. [2] and
Tao et al. [3], and the PSNR and SSIM values obtained by
our network on the GOPRO dataset [2] were higher than that
of Chen et al. [11] indicating better performance. Table 4
shows that our proposed network uses 4% of the total
number of parameters used by Tao et al. [3] in their
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8
SRN-DeblurNet. Tao et al. [3] used the same set of deblur-
ring parameters at each scale to, therefore using fewer
parameters than Nah et al. [2]. Therefore, our proposed
network also uses much fewer parameters than used in [2].

FIG. 7 shows a visual comparison of the deblurring
performance of our network and that of Tao et al. [3] for six
natural images. In each case, the original blurry is shown in
column 1, while the final deblurred image produced by the
method of Tao et. al. [3] is shown in column 2, and the final
result of using our proposed network can be found in column
3 of FIG. 7. This shows that our network is able to deblur
these natural images with acceptable performance, espe-
cially considering the fact that it used a much smaller
number of parameters (4% of the current state-of-the-art
networks).

In summary, the invention described herein is a novel and
unobvious neural network with a low number of parameters
capable of deblurring an image with no prior information
given. With the implementation of the LSTM-Inception
block, the invention presents a network that used 96% fewer
trainable parameters than that of the SRN-DeblurNet [3]
network, while achieving similar deblurring performance.
This network was able to deblur images at a comparable
level to other image deblurring methods [2], [3] but with
improved computational efficiency.

It will be appreciated by those skilled in the art that
changes could be made to the preferred embodiments
described above without departing from the inventive con-
cept thereof. It is understood, therefore, that this invention is
not limited to the particular embodiments disclosed, but it is
intended to cover modifications within the spirit and scope
of the present invention as outlined in the present disclosure
and defined according to the broadest reasonable reading of
the claims that follow, read in light of the present specifi-
cation.
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The invention claimed is:

1. A computer implemented method for deblurring an

image, comprising,

a. inputting an image file into a computer memory,

b. using a computer processor to retrieve an image file
from said computer memory,

c. using said computer processor to pass said image file
through a neural network comprising at least three
dilated image filters in parallel to produce an output file
for each at least three dilated image filters, each of said
at least three dilated image filters having a different
resolution from a most coarse resolution to a most fine
resolution, including one or more intermediate resolu-
tions;

d. using said computer processor to supply said most
coarse resolution output file from said at least three
dilated image filters as a first input to a long-short term
memory “LSTM”) cell of said neural network, fol-
lowed by supplying an intermediate resolution output
file from said at least three dilated image filters as a
second input to the LSTM cell, followed by supplying
said most fine resolution output file from said at least
three dilated image filters as a third input to the LSTM
cell;

e. adding an output of the LSTM cell to said image file via
a residual connection to produce an LSTM inception
block output file;

f. using said LSTM inception block output file as a new
image file and repeating steps c. through e. at least three
times;
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wherein said neural network is trained using a standard
mean squared error loss (MSE):

1 n .
MSE = ;;(X,—X,-)

where n is a number of pixels in a training image, X is a
target output, and X" is a recovered output from the
network, where a learning rate (or step-size for the
weight updates) for training the network is le-5 and an
optimization algorithm used to train the network is
adaptive moment estimation algorithm (Adam).

2. The computer-implemented method according to claim

1, for deblurring an image, wherein no additional informa-
tion concerning the image is provided to said processor.

3. The computer implemented method according to claim

1, wherein steps la. through lc. are repeated four to ten
times.

4. The computer implemented method according to claim

1, wherein steps la. through Ic. are repeated more than ten
times.

5. The computer implemented method according to claim

1,

wherein said input image file is passed through four to ten
dilated image filters in parallel to produce an output file
for each dilated image filter, each said dilated image
filters having a different resolution from most coarse
resolution to most fine resolution, and including one or
more intermediate resolutions; and

wherein said processor supplies a most coarse resolution
output file from said dilated image filters as a first input
to an LSTM cell, followed by supplying intermediate
resolution output files from said dilated image filters in
order of more coarse resolution to more coarse resolu-
tion as sequential inputs to the LSTM cell, followed by
supplying a most fine resolution output file from said
dilated image filters as a further input to the LSTM cell.

6. The computer implemented method according to claim

1 which requires at least 50% fewer trainable parameters
than a Scale recurrent Network (“SRN”)-DeblurNet net-
work.

7. The computer implemented method according to claim

1, which requires at least 75% fewer trainable parameters
than a SRN-DeblurNet network.

8. The computer implemented method according to claim

1, which requires at least 85% fewer trainable parameters
than a SRN-DeblurNet network.

9. The computer implemented method according to claim

1, which requires 96% fewer trainable parameters than a
SRN-DeblurNet network.
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